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Abstract
This paper employs a dynamic multi-country framework to analyze the international
macroeconomic transmission of El Niño weather shocks. This framework comprises
21 country/region-specic models, estimated over the period 1979Q2 to 2013Q1, and
accounts for not only direct exposures of countries to El Niño shocks but also indirect
e¤ects through third-markets. We contribute to the climate-macroeconomy literature
by exploiting exogenous variation in El Niño weather events over time, and their impact
on di¤erent regions cross-sectionally, to causatively identify the e¤ects of El Niño shocks
(direct and total) on growth, ination, energy and non-fuel commodity prices. The
results show that there are considerable heterogeneities in the responses of di¤erent
countries to El Niño shocks. While Australia, Chile, Indonesia, India, Japan, New
Zealand and South Africa face a short-lived fall in economic activity in response to an
El Niño shock, for other countries (including the United States and European region),
an El Niño occurrence has a growth-enhancing e¤ect. Furthermore, most countries
in our sample experience short-run inationary pressures as both energy and non-fuel
commodity prices increase. Given these ndings, macroeconomic policy formulation
should take into consideration the likelihood and e¤ects of El Niño weather episodes.
JEL Classications: C32, F44, O13, Q54.
Keywords: El Niño weather shocks, oil and non-fuel commodity prices, global
macroeconometric modelling, international business cycle.
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1 Introduction
A rapidly growing literature investigates the relationship between climate (temperature, pre-
cipitation, storms, and other aspects of the weather) and economic performance (agricultural
production, labor productivity, commodity prices, health, conict, and economic growth)
see the recent surveys by Dell et al. (2014) and Tol (2009). This is important as a careful
understanding of the climate-economy relationship is essential to the e¤ective design of ap-
propriate institutions and macroeconomic policies, as well as enabling forecasts of how future
changes in climate will a¤ect economic activity. However, a key challenge in studying such a
relationship is "identication", i.e. distinguishing the e¤ects of climate on economic activity
from many other characteristics potentially covarying with it. We contribute to the climate-
economy literature by exploiting the exogenous variation in weather-related events (with a
special focus on El Niño1) over time, and their impact on di¤erent regions cross-sectionally,
to causatively identify the e¤ects of El Niño weather shocks on growth, ination, energy and
non-fuel commodity prices within a compact model of the global economy.
Our focus on El Niño weather events is motivated by growing concerns about their e¤ects
not only on the global climate system, but also on commodity prices and the macroeconomy
of di¤erent countries. These extreme weather conditions can constrain the supply of rain-
driven agricultural commodities, create food-price and generalized ination, and may trigger
social unrest in commodity-dependent countries that primarily rely on imported food. It
has been suggested, by both historians and economists, that El Niño shocks may even have
played a role in a substantial number of civil conicts, see Hsiang et al. (2011). To analyze
the macroeconomic transmission of El Niño shocks, both nationally and internationally, we
employ a dynamic multi-country framework (combining time series, panel data, and factor
analysis techniques), which takes into account economic interlinkages and spillovers that exist
between di¤erent regions. It also controls for macroeconomic determinants of energy and
non-fuel commodity prices, thereby disentangling the El Niño shock frommany other possible
sources of omitted variable bias. This is crucial, given the global dimension of commodity-
price dynamics, and the interrelated macroeconomic performance of most countries.
Despite their importance, the macroeconomic e¤ects of the most recent strong El Niño
events of 1982/83, 1997/98 and 2015/16 along with the more frequent occurrences of mod-
erate El Niños, are under-studied. There are a number of papers looking at the e¤ects of
El Niño on: particular countries, for example, Australia and the United States (Changnon
1999 and Debelle and Stevens 1995); a particular sector, for instance, agriculture and min-
1El Niño is a band of above-average ocean surface temperatures that periodically develops o¤ the Pacic
coast of South America, and causes major climatological changes around the world.
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ing (Adams et al. 1995 and Solow et al. 1998); or particular commodity markets, including
co¤ee, corn, and soybean (Handler and Handler 1983, Iizumi et al. 2014, and Ubilava 2012).
Regarding the economic importance of El Niño events, Brunner (2002) argues that the South-
ern Oscillation (ENSO) cycle can explain about 1020 percent of the variation in the GDP
growth and ination of G-7 economies, and about 20% of real commodity price movements
over the period 19631997.2 He shows that a one-standard-deviation positive shock to ENSO
raises real commodity price ination by about 3.5 to 4 percentage points, and although the
median responses of G-7 economiesaggregate CPI ination and GDP growth are positive
in the rst four quarters, they are both in fact not statistically signicant. While Brunner
(2002) focuses on the economic e¤ects El Niño shocks over time (only taking advantage of
the temporal dimension of the data), his sample is mostly restricted to regions which are
not directly a¤ected by El Niño, his analysis rests on a strong assumption (homogeneity of
impact) and it does not take into account the indirect e¤ects of El Niño shocks.
We contribute to the literature that assesses the macroeconomic e¤ects of weather shocks
in several dimensions, including a novel multi-country methodology. Our modelling frame-
work accounts for the e¤ects of common factors (whether observed or unobserved), and
ensures that the El Niño-economy relationship is identied from idiosyncratic local charac-
teristics (using both time-series and cross-section dimensions of the data). To the extent
that El Niño events are exogenously determined, reverse causation is unlikely to be a con-
cern in our empirical analysis. Nevertheless, we allow for a range of endogenous control
regressors, where country-specic variables are a¤ected by El Niño shocks and possibly si-
multaneously determined by other observed or unobserved factors. We also have a di¤erent
macroeconomic emphasis while Brunner (2002) mainly focuses on the e¤ects of El Niño
on commodity prices, we concentrate on the implications of El Niño for national economic
growth and ination, in addition to global energy and non-fuel commodity prices. Moreover,
we study the e¤ects of El Niño shocks on 21 individual countries/regions (some of which
are directly a¤ected by El Niño) in an interlinked and compact model of the world econ-
omy, rather than focusing on an aggregate measure of global growth and ination (which
Brunner 2002 takes to be those of G-7 economies). Furthermore, we explicitly take into
account the economic interlinkages and spillovers that exist between di¤erent regions in our
interconnected framework (which may also shape the responses of di¤erent macroeconomic
variables to El Niño shocks), in addition to undertaking a country-by-country analysis. Fi-
nally, we contribute to the Global VAR (GVAR) literature that mostly relies on reduced-form
2The Southern Oscillation index (SOI) measures air-pressure di¤erentials in the South Pacic (between
Tahiti and Darwin). Deviations of the SOI index from their historical averages indicate the presence of El
Niño (warm phase of the Southern Oscillation cycle) or La Niña (cold phase of the Southern Oscillation
cycle) events see Section 2 for more details.
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impulse-response analysis by introducing El Niño as a dominant and causal variable in our
framework.
Our framework comprises 21 country/region-specic models, among which is a single
European region. These individual-economy models are solved in a global setting where core
macroeconomic variables of each economy are related to corresponding foreign variables and
a set of global factors including a measure of El Niño intensity as a dominant unit. The
model has the following variables: real GDP, ination, real exchange rate, short-term and
long-term interest rates, real equity prices, real energy and non-fuel commodity prices, and
the Southern Oscillation index (SOI) anomalies as a measure of the magnitude of El Niño.
This framework accounts for not only direct exposures of countries to El Niño shocks but
also indirect e¤ects through third-markets; see Dees et al. (2007) and Pesaran et al. (2007).
We estimate the 21 individual vector autoregressive models with weakly-exogenous foreign
variables (VARX* models) over the period 1979Q22013Q1. Having solved the Global VAR
model, we examine the direct and indirect e¤ects of El Niño shocks on the macroeconomic
variables of di¤erent countries (especially those that are most susceptible to this weather
phenomenon).3
Contrary to the ndings of earlier studies, the results of our dynamic multi-country
model of the world economy indicate that the economic consequences of El Niño shocks
are large, statistically signicant, and highly heterogeneous across di¤erent regions. While
Australia, Chile, Indonesia, India, Japan, New Zealand and South Africa face a short-lived
fall in economic activity in response to a typical El Niño shock, for other countries, an El
Niño event has a growth-enhancing e¤ect; some (for instance the United States) due to direct
e¤ects while others (for instance the European region) through positive spillovers from major
trading partners.4 To illustrate the importance of these indirect e¤ects, we decompose the
impact of an El Niño shock on real GDP growth into two parts: the direct e¤ect on economic
activity in these countries and the total impact (direct plus indirect e¤ects). As expected,
the results reveal that for those countries that are not at the epicenter of an El Niño event,
the indirect e¤ects are, if anything, more important than the direct e¤ects. This provides
further evidence in support of our modelling strategy, namely when it comes to studying the
e¤ect of climate on individual economies, it is important to take into account both direct
and indirect e¤ects. Overall, the larger the geographical area of a country, the smaller the
3The GVAR methodology is a novel approach to global macroeconomic modelling as it combines time
series, panel data, and factor analysis techniques to address the curse of dimensionality problem in large
models, and is able to account for spillovers and the e¤ects of observed and unobserved common factors (e.g.
commodity-price shocks and global nancial cycle) see Section 4.1 for additional details.
4Changnon (1999) also argues that an El Niño event can benet the economy of the United States on a
net basis amounting to 0.2% of GDP during the 1997/98 period.
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primary sectors share in national GDP, and the more diversied the economy is, the smaller
is the impact of El Niño shocks on GDP growth. Furthermore, most countries in our sample
experience short-run inationary pressures following an El Niño shock (depending mainly
on the share of food in their CPI baskets), while global energy and non-fuel commodity
prices increase. Therefore, we argue that macroeconomic policy formulation should take
into consideration the likelihood and e¤ects of El Niño weather episodes.
To illustrate the robustness of our results to potential model misspecications, in a sep-
arate exercise, we conduct a simple bivariate country-by-country analysis of the impulse
responses of real output growth to El Niño shocks via the Local Projections (LP) method of
Jordà (2005), using the same sample of countries and time period. We show that the shape
of these impulse responses are broadly in line with those obtained from our multi-country
framework, and they are consistent with the likely impact of El Niño shocks on real GDP
growth across the globe based on anecdotal evidence. We argue that while such a country-
by-country analysis provides some useful insights on the economic signicance of El Niño
shocks, there are many advantages to using a carefully-specied multi-country framework,
like that of the GVARmodel adopted in this paper, for the analysis see Section 3 for details.
The rest of the paper is organized as follows. Section 2 gives a brief description of the
Southern Oscillation cycle. Section 3 reports the LP impulse responses of growth to El Niño
shocks. Section 4 describes the GVAR methodology and outlines our modelling approach.
Section 5 investigates the macroeconomic e¤ects of El Niño shocks within our multi-country
framework. Finally, Section 6 concludes and o¤ers some policy recommendations.
2 The Southern Oscillation
During "normal" years, a surface high pressure system develops over the coast of Peru and
a low pressure system builds up in northern Australia and Indonesia. As a result, trade
winds move strongly from east to west over the Pacic Ocean. These trade winds carry
warm surface waters westward and bring precipitation to Indonesia and Australia. Along
the coast of Peru, cold nutrient-rich water wells up to the surface, and thereby boosts the
shing industry in South America.
However, in an El Niño year, air pressure drops along the coast of South America and over
large areas of the central Pacic. The "normal" low pressure system in the western Pacic
also becomes a weak high pressure system, causing the trade winds to be reduced and allowing
the equatorial counter current (which ows west to east) to accumulate warm ocean water
along the coastlines of Peru. This phenomenon causes the thermocline (the separation zone
between the mixed-layer shallow ocean above, much inuenced by atmospheric uxes, and
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the deep ocean below) to drop in the eastern part of Pacic Ocean, cutting o¤ the upwelling
of cold deep ocean water along the coast of Peru. Overall, the development of an El Niño
brings drought to the western Pacic (including Australia), more rain to the equatorial coast
of South America, and convective storms and hurricanes to the central Pacic. The global
climatological e¤ects of El Niño are summarized in Figure 1, showing the e¤ects across two
di¤erent seasons. These changes in weather patterns have signicant e¤ects on agriculture,
shing, and construction industries, as well as on national and global commodity prices.
Moreover, due to linkages of the Southern Oscillation with other climatic oscillations around
the world, El Niño e¤ects reach far beyond the realm of the Pacic Ocean region.5
One of the ways of measuring El Niño intensity is by using the Southern Oscillation index
(SOI), which is calculated based on air-pressure di¤erentials in the South Pacic (between
Tahiti and Darwin). Sustained negative SOI values below -8 indicate El Niño episodes,
which typically occur at intervals of three to seven years and last about two years. Figure
2 shows that the 198283, 199798, and 201516 El Niños were quite severe (and had large
adverse macroeconomic e¤ects in many regions of the world), whereas other El Niños in our
sample period were relatively moderate: 1986-88, 1991-92, 1993, 1994-95, 2002-03, 2006-07,
and 2009-10. SOI "anomalies", which we use in our model, are dened as the deviation of
the SOI index in any given quarter from its historical average, normalized (divided) by its
historical standard deviation. Sustained negative SOI anomaly values below -1 indicate El
Niño episodes (Figure 2b).
3 A Country-by-Country Analysis
We begin by analyzing impulse responses of real output growth to El Niño shocks via the local
projections method of Jordà (2005) on the grounds that such projections may be more robust
to model misspecications. The LP method involves evaluating the h-period response of real
GDP growth in each country to an El Niño shock by means of a direct h-step forecasting
regression in which the information set consists of real GDP growth and a measure of El Niño
intensity. The LP method does not require specication and estimation of the unknown true
underlying multivariate system itself (which is even more complicated in a global setting),
and therefore, serves as a rst-step test of the signicance of El Niños impact on output
growth. To examine the individual signicance of coe¢ cients in a given trajectory (i.e. the
shape of impulse responses), we rely on Jordà (2009) and report the conditional error bands
5La Niña weather events (cold phases of the Southern Oscillation cycle) produce the opposite climate
variations from El Niño occurrences. However, they tend to have weaker e¤ects than those of El Niño events,
and are less frequent and shorter in duration.
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Figure 1: Global Climatological E¤ects of El Nino
Source: National Atmospheric and Oceanic Administrations (NOAA) Climate Prediction Center.
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Figure 2: Southern Oscillation Index (Anomalies), 1979M42016M2
(a) SOI (b) SOI Anomalies
Source: Authors construction based on data from the Australian Bureau of Meteorology and the U.S.
National Oceanic and Atmospheric Administrations National Climatic Data Centre.
Notes: Dashed-lines indicate thresholds for identifying El Niño and La Niña events.
(which accounts for serial correlation in impulse response coe¢ cient estimates).
To conduct this country-by-country analysis, we obtain data on Southern Oscillation in-
dex (SOI) anomalies from National Oceanic and Atmospheric Administrations National Cli-
matic Data Centre as well as data on real output growth for the 33 countries included in our
sample (see Table 1) from the GVAR website: https://sites.google.com/site/gvarmodelling,
see Smith and Galesi (2014) for more details. Given that the growth impact of an El Niño
shock is likely to be homogeneous across the 13 European countries in our sample, we create
a real output growth series for Europe using the GDP of these countries and Purchasing
Power Parity GDP weights, averaged over 2009-2011. Therefore, our sample includes 21
country/region-specic models over the period 1979Q2-2013Q1.
Our results, based on the shape of impulse responses in Figure 3 (obtained from two
variable VAR models with a maximum lag order of 6), indicate that an El Niño shock
has a negative impact on real economic activity in Australia, Brazil, Indonesia, Peru, the
Philippines, and South Africa. However, the e¤ects in Argentina, Canada, China, Chile,
Europe, Singapore, Thailand, and the U.S. are positive. These results are broadly consistent
with the likely impact of El Niño across the globe based on anecdotal evidence (see Table
1). To ensure that our results survive when looking at the longer time horizon (including
more El Niño events), we conducted an additional analysis for the case of the United States
(given that reliable quarterly data is available for the U.S.) over the period 1951Q12016Q2.
During the past six decades, twenty El Niño episodes have been recorded by the U.S. National
Oceanic and Atmospheric Administration including the most recent one in 201516. The LP
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Table 1: El Niños Impact Across the Globe
Asia and Pacic
Australia ( ) Drought in Southeast, bush res, lower wheat exports
China (?) Dry (wet) weather in North (South)
India ( ?) Weak monsoon rains
Indonesia ( ) Drought, wildre and lower hydropower output
Japan ( ?) More frequent typhoon strikes
Korea (?) Drought
Malaysia (?)
New Zealand ( ) More rain in wet areas and less precipitation in dry parts
Philippines ( ?) Below normal rainfall and cyclone
Singapore (?) Shipping industry maybe a¤ected
Thailand ( ?) Drier weather
North America
Canada (+) Warmer weather
Mexico (+?) Dry summers, fewer (more) hurricanes in East (West) coast
United States (+) More rain in South and California, warmer winter in Northeast, diminished
tornadic activity in Midwest, fewer hurricanes in East coast
South America
Argentina (+?) Plentiful rains
Brazil (?) Drought (plentiful rain) in North (South)
Chile ( ?) Stormy winters and lower mining activity
Peru ( ?) Fisheries industry su¤ers, cold wave and oods
Europe (?)
Middle East and Africa
Saudi Arabia (?)
South Africa ( ) Drought
Notes: * Europe includes the following 13 countries: Austria, Belgium, Finland, France, Germany, Italy,
Netherlands, Norway, Spain, Sweden, Switzerland, Turkey and the United Kingdom. (+), (-), and (?)
indicate a positive, negative and ambiguous e¤ects of El Niño on real growth respectively.
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median impulse responses and the associated conditional error bands are reported in Figure
4 mirroring those from the shorter time period (the last three decades), thereby, illustrating
the robustness of the results in Figure 3.
It is worth noting that much of the literature on climate and the macroeconomy does
not use a multi-country framework, and instead focuses on single-country models (and not
even those utilized above which may be more robust to potential model misspecications).
While we have shown that the country-by-country analysis provides some useful insights
on the signicance of El Niño shocks, there are many advantages to using a multi-country
framework, like that of the GVAR model, for the analysis. Firstly, as Kilian and Kim
(2009) argue, the LP estimator tends to have higher variance when the data generating
process is well approximated by a VAR because local projections impose less structure on
the estimation problem. Since the impact of El Niño shocks cannot be reduced to one country
but rather involve multiple regions, and it may be amplied or dampened depending on the
degree of openness of the countries and their trade structure, relying on a Global VAR model
is advantageous. Furthermore, the GVAR model is proven to be a good approximation of
the data generating process in the literature (see, for instance, Pesaran (2015)). Secondly,
this compact model of the world economy allows one to take into account the economic
interlinkages and spillovers that exist between di¤erent regions, thereby enabling a study
of the indirect e¤ects of El Niño shocks through third markets in a coherent manner as
opposed to undertaking country-by-country analysis, or using a single-country VAR model
to represent the global economy as in Brunner (2002).
4 Modelling the Climate-Macroeconomy Relationship
in a Global Context
The rest of the paper employs the GVARmethodology to analyze the international macroeco-
nomic transmission of El Niño shocks. This framework takes into account both the temporal
and cross-sectional dimensions of the data; real and nancial drivers of economic activity;
interlinkages and spillovers that exist between di¤erent regions; and the e¤ects of unobserved
or observed common factors (e.g. energy and non-fuel commodity prices).6 This is crucial
as the impact of El Niño shocks cannot be reduced to a single country but rather involves
multiple regions, and this impact may be amplied or dampened depending on the degree
of openness of the countries and their trade structure. Before describing the data and our
6Dees et al. (2007) derive the GVAR as an approximation to a global unobserved common factor model,
and show that it is quite e¤ective in dealing with the common factor interdependencies and international






















































































































































































Figure 4: The E¤ects of an El Niño Shock on United States Real GDP Growth
(in percentage points), using the Local Projections Method
(a) Based on data from 1979Q2 to 2013Q1 (b) Based on data from 1951Q1 to 2016Q2
Notes: Figures are median impulse responses to a one standard deviation reduction in SOI anomalies,
together with the 5th and 95th percentile conditional error bands. The impact is in percentage points and
the horizon is quarterly.
model specication, we provide a short exposition of the GVAR methodology below.
4.1 The Global VAR (GVAR) Methodology
We consider N + 1 countries in the global economy, indexed by i = 0; 1; :::; N . With the
exception of the United States, which we label as 0 and take to be the reference country;
all other N countries are modelled as small open economies. This set of individual VARX*
models is used to build the GVAR framework. Following Pesaran (2004) and Dees et al.
(2007), a VARX* (pi; qi) model for the ith country relates a ki  1 vector of domestic
macroeconomic variables (treated as endogenous), xit, to a ki  1 vector of country-specic
foreign variables (taken to be weakly exogenous), xit:
i (L; pi) xit = ai0 + ai1t+ i (L; qi) x

it + uit; (1)
for t = 1; 2; :::; T , where ai0 and ai1 are ki  1 vectors of xed intercepts and coe¢ -
cients on the deterministic time trends, respectively, and uit is a ki  1 vector of country-
specic shocks, which we assume are serially uncorrelated with zero mean and a non-
singular covariance matrix, ii, namely uit s i:i:d: (0;ii). For algebraic simplicity, we
abstract from observed global factors in the country-specic VARX* models. Furthermore,
i (L; pi) = I  
Ppi
i=1 iL
i and i (L; qi) =
Pqi
i=0 iL
i are the matrix lag polynomial of the
coe¢ cients associated with the domestic and foreign variables, respectively. As the lag orders
for these variables, pi and qi; are selected on a country-by-country basis, we are explicitly
allowing for i (L; pi) and i (L; qi) to di¤er across countries.
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The country-specic foreign variables are constructed as cross-sectional averages of the





where j = 0; 1; :::N; wii = 0; and
PN
j=0wij = 1.
7 For empirical application, the trade weights
are computed as three-year averages:8
wij =
Tij;2009 + Tij;2010 + Tij;2011
Ti;2009 + Ti;2010 + Ti;2011
; (3)
where Tijt is the bilateral trade of country i with country j during a given year t and is
calculated as the average of exports and imports of country i with j, and Tit =
PN
j=0 Tijt
(the total trade of country i) for t = 2009; 2010 and 2011; in the case of all countries.
Although estimation is done on a country-by-country basis, the GVAR model is solved
for the world as a whole, taking account of the fact that all variables are endogenous to the
system as a whole. After estimating each country VARX*(pi; qi) model separately, all the
k =
PN
i=0 ki endogenous variables, collected in the k  1 vector xt = (x00t;x01t; :::;x0Nt)0, need
to be solved simultaneously using the link matrix dened in terms of the country-specic
weights. To see this, we can write the VARX* model in equation (1) more compactly as:
Ai (L; pi; qi) zit = 'it; (4)
for i = 0; 1; :::; N; where
Ai (L; pi; qi) = [i (L; pi) i (L; qi)] ; zit = (x0it;x0it)0 ;
'it = ai0 + ai1t+ uit: (5)
Note that given equation (2) we can write:
zit = Wixt; (6)
7To the extent that unobserved common shocks a¤ect any of the variables in the GVAR model (e.g.
uncertainty factor or risk shocks may manifest themselves in equity price movements, uctuations in exchange
rates, spreads, and commodity prices, among others), country-specic foreign variables act as proxies for
those latent factors. This is also conrmed by Monte Carlo experiments reported in Kapetanios and Pesaran
(2007), where they show that the estimators that make use of cross-section averages (star variables in the
context of VARX*) out-perform other estimators based on principal components.
8The main justication for using bilateral trade weights, as opposed to nancial weights, is that the
former have been shown to be the most important determinant of national business cycle comovements (see
Baxter and Kouparitsas (2005)).
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where Wi = (Wi0;Wi1; :::;WiN), with Wii = 0, is the (ki + ki )  k weight matrix for
country i dened by the country-specic weights, wij. Using (6) we can write (4) as:
Ai (L; p) Wixt = 'it; (7)
whereAi (L; p) is constructed fromAi (L; pi; qi) by setting p = max (p0; p1; :::; pN ; q0; q1; :::; qN)
and augmenting the p pi or p qi additional terms in the power of the lag operator by zeros.
Stacking equation (7), we obtain the Global VAR(p) model in domestic variables only:
G (L; p) xt = 't; (8)
where
G (L; p) =
0BBBBBBBBB@
A0 (L; p) W0
















For an early illustration of the solution of the GVAR model, using a VARX*(1; 1) model,
see Pesaran (2004), and for an extensive survey of the latest developments in GVAR mod-
elling, both the theoretical foundations of the approach and its numerous empirical applica-
tions, see Chudik and Pesaran (2016). The GVAR(p) model in equation (8) can be solved
recursively and used for a number of purposes, such as forecasting or impulse response analy-
sis.
Chudik and Pesaran (2013) extend the GVAR methodology to a case in which common
variables are added to the conditional country models (either as observed global factors or as
dominant variables). In such circumstances, equation (1) should be augmented by a vector
of dominant variables, !t, and its lag values:
i (L; pi) xit = ai0 + ai1t+ i (L; qi) x

it + i (L; si)!t + uit; (10)
where i (L; si) =
Psi
i=0 iL
i is the matrix lag polynomial of the coe¢ cients associated with
the common variables. Here, !t can be treated (and tested) as weakly exogenous for the
purpose of estimation. The marginal model for the dominant variables can be estimated with
or without feedback e¤ects from xt: To allow for feedback e¤ects from the variables in the











i;t l + !t (11)
It should be noted that contemporaneous values of star variables do not feature in equa-
tion (11) and !t are "causal". Conditional (10) and marginal models (11) can be combined
and solved as a complete GVAR model as explained earlier.
4.2 Model Specication
Key countries in our sample include those likely to be directly a¤ected by El Niño events
mainly countries in the Asia and Pacic region as well as those in the Americas, see Table
1 and Section 2. As discussed in Section 3, we also create a region out of the 13 European
countries in our sample. The time series data for the Europe block are constructed as cross-
sectionally weighted averages of the domestic variables, using Purchasing Power Parity GDP
weights, averaged over 2009-2011. Thus, as displayed in Table 1, our model includes 33
countries (with 21 country/region-specic models) covering over 90% of world GDP.
We specify two di¤erent sets of individual country-specic models. The rst model is
common across all countries, apart from the United States. These 20 VARX* models include
a maximum of six domestic variables (depending on whether data on a particular variable is
available), or using the same terminology as in equation (1):
xit =








where yit is the log of the real Gross Domestic Product at time t for country i, it is ination,
eqit is the log of real equity prices, rSit (r
L
it) is the short (long) term interest rate, and epit
is the real exchange rate. In addition, all domestic variables, except for that of the real














Following the GVAR literature, the twenty-rst model (United States) is specied di¤er-
ently, mainly because of the dominance of the United States in the world economy. First,
given the importance of U.S. nancial variables in the global economy, the U.S.-specic




US;t, are not included in this model. The ap-
propriateness of exclusion of these variables was also conrmed by statistical tests, in which




US;t. Second, since eit is
expressed as the domestic currency price of a United States dollar, it is by construction deter-
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mined outside this model. Thus, instead of the real exchange rate, we included eUS;t   pUS;t
as a weakly exogenous foreign variable in the U.S. model.
Given our interest in analyzing the macroeconomic e¤ects of El Niño shocks, we need to
include the Southern Oscillation index anomalies (SOIt) in our framework. We model SOIt
as a dominant variable because there is no reason to believe that any of the macroeconomic
variables described above inuences it. In other words, SOIt is included as a weakly ex-
ogenous variable in each of the 21 country/region-specic VARX* models, with no feedback
e¤ects from any of the macro variables to SOIt (hence a unidirectional causality).
Moreover, there is some anecdotal evidence that SOIt inuences global commodity
markets for example, drought conditions (hot and dry summers) in southeast Australia
increases the frequency and severity of bush res and reduces crop yields, which reduce the
volume of Australias wheat exports and thereby drives up global wheat prices, see Bennetton
et al. (1998). We test this hypothesis formally by including the price of various commodities
in our model. A key question is how should these commodity prices be included in the GVAR
model? The standard approach to modelling commodity markets in the GVAR literature
(see Cashin et al. 2014) is to include the log of nominal oil prices in U.S. dollars as a "global
variable" determined in the U.S. VARX* model; that is the price of oil is included in the U.S.
model as an endogenous variable while it is treated as weakly exogenous in the model for
all other countries.9 The main justication for this approach is that the U.S. is the worlds
largest oil consumer and a demand-side driver of the price of oil. However, it seems more
appropriate for oil prices to be determined in global commodity markets rather in the U.S.
model alone, given that oil prices are also a¤ected by, for instance, any disruptions to oil
supply in the Middle East.
Furthermore, given that El Niño events potentially a¤ect the global prices of food, bev-
erages, metals and agricultural raw materials, we also need to include the prices of these
non-fuel commodities in our model. However, rather than including the individual prices of
non-fuel commodities (such as wheat, co¤ee, timber, and nickel) we use a measure of real
non-fuel commodity prices in logs, pnft , constructed by the International Monetary Fund,
with the weight of each of the 38 non-fuel commodities included in the index being equal
to average world export earnings.10 Therefore, our commodity market model includes both
the real crude oil price (poilt ) and the real non-fuel commodity price (p
nf
t ) as endogenous
variables, where the former can be seen as a good proxy for fuel prices in general. In ad-
dition, to capture the e¤ects of global economic conditions on world commodity markets,
9Two exceptions are Mohaddes and Pesaran (2016) and Mohaddes and Raissi (2015) which explicitly
model the oil market as a dominant unit in the GVAR framework.
10See http://www.imf.org/external/np/res/commod/table2.pdf for the details on these commodities and
their weights.
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we include seven weakly exogenous variables in this model. More specically, real GDP, the
rate of ination, short and long-term interest rates, real equity prices, and the real exchange
rate are included as weakly exogenous variables (constructed using purchasing power parity
GDP weights, averaged over 2009-2011), as is the SOIt.
5 Empirical Results Based on theMulti-CountryModel
We obtain data on xit for the 33 countries included in our sample (see Table 1) from the
GVAR website: https://sites.google.com/site/gvarmodelling, see Smith and Galesi (2014)
and Appendix A for more details. Oil price data is also from the GVAR website, while data
on non-fuel commodity prices are from the International Monetary Funds International Fi-
nancial Statistics. Finally, the Southern Oscillation index (SOI) anomalies data are from
National Oceanic and Atmospheric Administrations National Climatic Data Centre. We use
quarterly observations over the period 1979Q22013Q1 to estimate the 21 country-specic
VARX*(pi; qi) models.11 However, prior to estimation, we determine the lag orders of the
domestic and foreign variables, pi and qi. For this purpose, we use the Akaike Information
Criterion (AIC) applied to the underlying unrestricted VARX* models. Given data con-
straints, we set the maximum lag orders to pmax = qmax = 2. The selected VARX* orders
are reported in Table 2. Moreover, the lag order selected for the univariate SOIt model is 1
and for the commodity price model is (1; 2), both based on the AIC.
Having established the lag order of the 21 VARX* models, we proceed to determine the
number of long-run relations. Cointegration tests with the null hypothesis of no cointegra-
tion, one cointegrating relation, and so on are carried out using Johansens maximal eigen-
value and trace statistics as developed in Pesaran et al. (2000) for models with weakly exoge-
nous I (1) regressors, unrestricted intercepts and restricted trend coe¢ cients. We choose the
number of cointegrating relations (ri) based on the maximal eigenvalue test statistics using
the 95% simulated critical values computed by stochastic simulations and 1000 replications.
We then consider the e¤ects of system-wide shocks on the exactly-identied cointegrating
vectors using persistence proles developed by Lee and Pesaran (1993) and Pesaran and Shin
(1996). On impact the persistence proles (PPs) are normalized to take the value of unity,
but the rate at which they tend to zero provides information on the speed with which
equilibrium correction takes place in response to shocks. The PPs could initially over-shoot,
thus exceeding unity, but must eventually tend to zero if the vector under consideration is
indeed cointegrated. In our analysis of the PPs, we noticed that the speed of convergence
11All estimations and test results are obtained using the GVAR Toolbox 2.0. For further technical details
see Smith and Galesi (2014).
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was very slow for Korea and for Saudi Arabia where the system-wide shocks never really
died out, so we reduced ri by one for each country resulting in well behaved PPs overall. The
nal selection of the number of cointegrating relations are reported in Table 2. For brevity,
we present the country-specic estimates and tests in Appendix B, including evidence for
the weak exogeneity assumption of the foreign variables and discuss the issue of structural
breaks in the context of our GVAR model.
Table 2: Lag Orders of the Country-Specic VARX*(p,q) Models Together with
the Number of Cointegrating Relations (r)
VARX* Order Cointegrating VARX* Order Cointegrating
Country pi qi relations (ri) Country pi qi relations (ri)
Argentina 2 2 1 Malaysia 1 1 2
Australia 1 1 4 Mexico 1 2 2
Brazil 2 2 1 New Zealand 2 2 2
Canada 1 2 2 Peru 2 2 1
China 2 1 1 Philippines 2 1 2
Chile 2 2 1 South Africa 2 2 3
Europe 2 2 3 Saudi Arabia 2 1 1
India 2 2 3 Singapore 2 1 1
Indonesia 2 1 3 Thailand 1 1 1
Japan 2 2 3 USA 2 2 2
Korea 2 1 2
Notes: pi and qi denote the lag order for the domestic and foreign variables respectively and are selected
by the Akaike Information Criterion (AIC). The number of cointegrating relations (ri) are selected using
the maximal eigenvalue test statistics based on the 95% simulated critical values computed by stochastic
simulations and 1000 replications for all countries except for Korea and Saudi Arabia, for which we reduced
ri below those suggested by the maximal eigenvalue statistic to ensure that the persistence proles were well
behaved.
Source: Authorsestimations.
5.1 The Macro E¤ect of El Niño
In general, identication of shocks in economics is not a straightforward task. However,
in our application, it is clear that the El Niño shock, a negative unit shock (equal to one
standard error) to SOI anomalies, SOIt, is identied by construction (as !t are "causal").
Below we examine the direct and indirect e¤ects of El Niño shocks on the world economy,
on a country-by-country basis but in a global context, and provide the time prole of the
e¤ects on commodity prices as well as ination and real output growth across countries.
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5.1.1 The E¤ects of El Niño on Real Output Growth
Figure 5 reports the estimated median impulse responses of real GDP growth to an El
Niño shock together with the 5-95% and 16-84% bootstrapped error bounds. We report the
median responses on impact as well as up to eight quarters. The results show that an El
Niño event has a statistically signicant e¤ect on real GDP growth for several countries in
our sample at the 5-95% (blue short-dashed) or 16-84% (red long-dashed) levels.12
As noted earlier, El Niño causes hot and dry summers in southeast Australia (Figure
1); increases the frequency and severity of bush res; reduces wheat exports due to yield
reductions; and drives up global wheat prices. Exports and global prices of other commodities
(food and raw agricultural materials) are also a¤ected by drought in Australia, further
reducing output growth (the primary sector constitutes 10% of Australias GDP, Table 3).
New Zealand often experiences drought in parts of the country that are normally dry and
oods in other places, resulting in lower agricultural output (the El Niño of 1997/98 was
particularly severe in terms of output loss for New Zealand). Therefore, it is not surprising
that we observe an average fall in GDP growth of about 0:22 and 0:28 percentage points for
Australia and New Zealand, one year after an El Niño shock, respectively.13
Table 3: Share of Primary Sector in GDP (in percent), Averages over 2004-2013
Asia and Pacic North America
Australia 10 Canada 10
China 11 Mexico 12
India 21 United States 3
Indonesia 25
Japan 1 South America
Korea 3 Argentina 11
Malaysia 22 Brazil 7
New Zealand 6 Chile 18




Notes: Primary sector is the sum of agriculture, forestry, shing and mining.
Source: Haver.
Moreover, El Niño conditions usually coincide with a period of weak monsoon and rising
12Note that signicance (for a particular variable and country) does not have to be seen on impact as the
e¤ects of El Niño in most regions are felt during one specic season and hence could happen in a particular
quarter rather than all quarters.


















































































































































































temperatures in India (see Figure 1) which adversely a¤ects Indias agricultural sector and
increases domestic food prices. This is conrmed by our econometric analysis where Indias
GDP growth falls by 0:16 percentage points on average over the course of the year (though
not statistically signicant at all quarters). The negative e¤ect of El Niño is rather muted
in India, due to a number of mitigating factors. One such factor is the declining share of
agricultural output in Indian GDP over time the share of Indias primary sector in GDP
was 28% in 1997 and has dropped to 20% in 2013. The increase in the contribution of
Rabi crops (sown in winter and harvested in the spring) and the decline in the contribution
of Kharif crops (sown in the rainy monsoon season) over the past few decades is another
mitigating factor as sowing of Rabi crops is not directlya¤ected by the monsoon.14 Note
also that the total irrigated area for major crops in India has increased from 22.6 million
hectares in 1950-51 to 86.4 million hectares in 2009-10. Moreover, due to more developed
agricultural markets and policies, rising agriculture yield, and climatological early warning
systems, farmers are better able to switch to more drought-resistant and short-duration crops
(with government assistance), at reasonably short notice. Furthermore, any severe rainfall
deciency in India could have implications for public agricultural spending and government
nances. However, one should note that an El Niño year has not always resulted in weak
monsoons in India, see Saini and Gulati (2014).
Drought in Indonesia is also harmful for the local economy, and pushes up world prices
for co¤ee, cocoa, and palm oil, among other commodities. Furthermore, mining equipment
in Indonesia relies heavily on hydropower; with decient rain and low river currents, then
less nickel (which is used to strengthen steel) can be produced by the worlds top exporter
of nickel. Indonesian real GDP growth falls by 0:64 percentage points on average over the
rst four quarters after the shock, and metal prices increase as global supply drops. This
large growth e¤ect is expected given that the share of the primary sector (agricultural and
mining) in Indonesian GDP is around 25 percent (see Table 3).
Looking beyond the Asia and Pacic region, South Africa also experiences hot and dry
summers during an El Niño episode (Figure 1), which has adverse e¤ects on its agricultural
production (the primary sector makes up 10% of South Africas GDP) with the empirical
results suggesting a fall in real output growth by 0:35 percentage points after one year.
Moreover, El Niño typically brings stormy winters in Chile and a¤ects metal prices through
supply chain disruption heavy rain in Chile will reduce access to its mountainous mining
regions, where large copper deposits are found. Therefore, we would expect an increase
in metal prices and a reduction in output growth, which we observe initially in Figure 5
14In 1980-81 the ratio of Kharif to Rabi crop production was 1.5. In 2013-14 it is estimated at 0.95 (see,
India Economic Survey 2014-15).
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(though not statistically signicant at the 5-95% level). More frequent typhoon strikes and
cooler weather during summers are expected for Japan in El Niño conditions, which could
depress consumer spending and growth. This is indeed conrmed by the impulse responses
in Figure 5, as there is an initial drop in Japanese GDP growth. However, we also observe
that for both Chile and Japan, the average e¤ect after four quarters is positive, by 0:15
and 0:04 percentage points, respectively. This is most likely due to positive spillovers from
their major trading partners see Section 5.2 for details. For instance, trade with China,
Europe, and the U.S. constitutes over 57% of each countrys total trade in goods (see Table
4). The construction sector also sees a large boost following typhoons in Japan, which can
partly explain the increase in growth after an initial decline. Finally, for northern Brazil,
there is a high probability of a low rainfall year when El Niño is in force. Drought in
northern parts of Brazil can drive up world prices for co¤ee, sugar, and citrus. However,
south-eastern Brazil gets plentiful rain in the spring/summer of an El Niño year, which leads
to higher agricultural output. We do not observe any signicant e¤ects for Brazil in the
rst two quarters, suggesting perhaps that the loss in agricultural output from drought in
the northern part is to some extent mitigated by above average yields in the south. More
importantly, trade spillovers from other Latin American countries and systemic countries
(China, Europe, and the U.S.) seem to suggest a positive overall e¤ect on Brazil from an El
Niño event after one year as average output growth increases by 0:21 percentage points.
El Niño years feature below-normal rainfall for the Philippines. However, the authorities
have extensive early-warning systems in place, including conservation management of the
water supply for Manila. As a result, we do not observe any statistically signicant growth
e¤ects for the case of the Philippines. Moreover, the sheries industry in Peru su¤ers be-
cause of the change in upwelling of nutrient-rich water along the coast. As Peru is the worlds
largest exporter of shmeal used in animal feed, a lower supply from Peru has ramications
for livestock prices worldwide. However, at the same time agricultural output in Peru rises
due to the wetter weather. Although the median GDP growth e¤ect for Peru is negative
( 0:25 percentage points on average during the year), it is in fact not statistically signi-
cant, so the positive growth e¤ect from agricultural output (being 5:8% of GDP) o¤sets the
negative impact on the sheries industry (constituting 0:6% of GDP).
While an El Niño event results in lower growth for some economies, others may actually
benet due to lower temperatures, more rain, and fewer natural disasters. For instance,
plentiful rains can help boost soybeans production in Argentina, which exports 95% of the
soybeans it produces, and for which the primary sector is around 11% of GDP (Table 3).
Canada enjoys warmer weather in an El Niño year, and in particular a greater return from
its sheries. In addition, the increase in oil prices means larger oil revenues for Canada,
21















































































Argentina 0.00 0.00 0.11 0.00 0.01 0.05 0.01 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.03 0.00 0.01 0.00 0.00 0.00 0.00
Australia 0.01 0.00 0.01 0.00 0.04 0.01 0.03 0.04 0.03 0.06 0.04 0.04 0.00 0.24 0.00 0.02 0.02 0.01 0.03 0.05 0.01
Brazil 0.32 0.01 0.00 0.01 0.03 0.08 0.04 0.02 0.01 0.01 0.02 0.01 0.01 0.00 0.06 0.00 0.02 0.02 0.01 0.01 0.02
Canada 0.02 0.01 0.02 0.00 0.02 0.02 0.04 0.01 0.01 0.02 0.01 0.01 0.03 0.02 0.07 0.01 0.01 0.01 0.01 0.01 0.20
China 0.13 0.25 0.19 0.08 0.00 0.24 0.25 0.16 0.14 0.27 0.28 0.16 0.09 0.16 0.19 0.12 0.18 0.15 0.14 0.16 0.18
Chile 0.06 0.00 0.03 0.00 0.01 0.00 0.01 0.01 0.00 0.01 0.01 0.00 0.01 0.00 0.06 0.00 0.00 0.00 0.00 0.00 0.01
Europe 0.21 0.15 0.28 0.12 0.23 0.19 0.00 0.30 0.11 0.14 0.12 0.13 0.08 0.16 0.20 0.13 0.38 0.19 0.14 0.15 0.22
India 0.02 0.04 0.03 0.01 0.03 0.02 0.05 0.00 0.05 0.01 0.03 0.03 0.01 0.02 0.01 0.01 0.06 0.08 0.04 0.02 0.02
Indonesia 0.01 0.03 0.01 0.00 0.02 0.00 0.01 0.04 0.00 0.04 0.04 0.05 0.00 0.02 0.00 0.03 0.01 0.02 0.10 0.05 0.01
Japan 0.02 0.16 0.05 0.03 0.15 0.09 0.08 0.04 0.16 0.00 0.14 0.14 0.03 0.09 0.05 0.17 0.08 0.14 0.08 0.20 0.07
Korea 0.02 0.07 0.04 0.01 0.10 0.06 0.04 0.04 0.08 0.08 0.00 0.05 0.03 0.04 0.04 0.07 0.03 0.11 0.07 0.04 0.03
Malaysia 0.01 0.03 0.01 0.00 0.04 0.00 0.02 0.03 0.07 0.04 0.02 0.00 0.01 0.03 0.00 0.04 0.01 0.01 0.15 0.07 0.01
Mexico 0.03 0.01 0.03 0.04 0.01 0.03 0.02 0.01 0.00 0.01 0.02 0.01 0.00 0.01 0.03 0.00 0.00 0.00 0.01 0.00 0.15
New Zealand 0.00 0.04 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00
Peru 0.01 0.00 0.01 0.01 0.00 0.03 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Philippines 0.01 0.00 0.00 0.00 0.01 0.00 0.01 0.00 0.01 0.02 0.01 0.02 0.00 0.01 0.00 0.00 0.00 0.01 0.03 0.02 0.01
South Africa 0.01 0.01 0.01 0.00 0.01 0.00 0.03 0.03 0.01 0.01 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.02 0.00 0.01 0.01
Saudi Arabia 0.00 0.01 0.02 0.00 0.02 0.00 0.03 0.07 0.02 0.04 0.05 0.01 0.00 0.02 0.00 0.03 0.04 0.00 0.03 0.03 0.02
Singapore 0.00 0.05 0.01 0.00 0.03 0.00 0.03 0.05 0.14 0.03 0.04 0.15 0.00 0.04 0.00 0.12 0.01 0.04 0.00 0.06 0.02
Thailand 0.01 0.04 0.01 0.00 0.03 0.01 0.02 0.02 0.05 0.05 0.02 0.07 0.01 0.03 0.01 0.06 0.02 0.03 0.05 0.00 0.01
USA 0.10 0.09 0.16 0.67 0.19 0.17 0.27 0.13 0.09 0.17 0.13 0.12 0.68 0.12 0.23 0.16 0.11 0.16 0.11 0.11 0.00
Notes: Trade weights are computed as shares of exports and imports of goods, displayed in columns by
country (such that a column, but not a row, sum to 1).
Source: International Monetary Funds Direction of Trade Statistics, 2009-2011.
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which is the worlds fth-largest oil producer (averaging 3,856 million barrels per day in
2012). For Mexico, in an El Niño year, we observe fewer hurricanes on the east coast
and more hurricanes on the west coast, which brings general stability to the oil sector and
boosts exports (oil revenue is around 8% of GDP in Mexico). For the United States, El
Niño typically brings wet weather to California (beneting crops such as limes, almonds
and avocados), warmer winters in the Northeast, increased rainfall in the South, diminished
tornadic activity in the Midwest, and a decrease in the number of hurricanes that hit the
East coast (see Figure 1). Therefore, not surprisingly, Figure 5 shows an increase in real
GDP growth of 0:31, 0:31, 0:63, and 0:21 on average over the course of the year following an
El Niño shock for Argentina, Canada, Mexico, and the U.S., respectively. These estimates
also take into account the positive spillover e¤ects that an increase in U.S. GDP growth has
on the Canadian and Mexican economies, given the extensive trade exposure of these two
economies to the United States (trade weights are 67 and 68 percent respectively, see Table
4) as well as other third-market e¤ects. The positive average annual growth e¤ect of 0:21
percentage points for the U.S. might seem large at rst glance, however, it is not far from the
estimated net benets of $15 billion following the severe El Niño event of 1997-1998, which is
equivalent to 0:2% of GDP, see Changnon (1999). These net benets are calculated based on
a direct cost-benet analysis $4 billion (cost) and $19 billion (benet) and a larger shock
associated with the 1997-98 El Niño event, but they do not take into account the indirect
growth e¤ects through third markets, which is captured in our GVAR framework see also
Section 5.2.
Although El Niño is associated with dry weather in northern China and wet weather
in southern China (Figure 1), it is not clear that we should observe any direct positive
or negative e¤ects on Chinas output growth. In fact Figure 5 shows that initially there
are no statistically-signicant e¤ects following an El Niño shock, but Chinese GDP growth
increases by 0:17 percentage points four quarters following an El Niño shock. This is mainly
due to positive spillovers from trade with other major economies Chinese trade with the
U.S. is about 19% of the total, and given that the U.S. is beneting from an El Niño event,
so does China. Moreover, a number of economies which are not directly a¤ected by El
Niño do benet from the shock, mainly due to positive indirect spillovers from commercial
trade and nancial market links. For instance, Europe experiences an increase in real GDP
growth of 0:24 percentage points and Singapore by 0:48 percentage points (mainly due to
an increase in the shipping industry following the increase in demand from U.S. and other
major economies) one year following an El Niño event see also Section 5.2.
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5.1.2 The E¤ects of El Niño on Real Commodity Prices
The higher temperatures and droughts following an El Niño event, particularly in Asia-Pacic
countries, not only increases the prices of non-fuel commodities (see Figure 6), but also leads
to higher demand for coal and crude oil as lower electricity output is generated from both
thermal power plants and hydroelectric dams.15 In addition, farmers increase their water
demand for irrigation purposes, which further increases the fuel demand for power generation
and drives up energy prices. This is indeed conrmed here in Figure 6 as crude oil prices (as
a proxy for fuel prices) sustain a statistically signicant and positive change following an El
Niño shock.
Figure 6: The E¤ects of an El Niño Shock on Real Commodity Prices (in percent)
Notes: Figures are median impulse responses to a one standard deviation reduction in SOI anomalies,
together with the 5-95% (blue short-dashed) and 16-84% (red long-dashed) bootstrapped error bounds. The
impact is in percentage points and the horizon is quarterly.
Moreover, although the initial increase in oil prices arises from higher demand for power
from countries such as India and Indonesia, oil prices remain high even four quarters after
the initial shock (Figure 6). This is because an El Niño event has positive growth e¤ects
on major economies (for example, China, European countries, and the U.S.) which demand
more oil to be able to sustain higher production. Therefore, what was initially an increase
in oil prices due to higher demand from Asia translates into a global oil demand shock (oil
prices increasing at the same time as global output rises; see Cashin et al. 2014 and Cashin
et al. 2016a for details) a couple of quarters later. Excess demand also arises for non-fuel
commodities (food, beverages, metals, and agricultural raw materials) and as a result their
prices remain statistically signicant even after one year following an El Niño event, mainly
due to lower supply from the Asia-Pacic region, but also due to higher global demand for
non-fuel commodities.
15See, for instance, World Bank (2013) and the references therein.
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5.1.3 The E¤ects of El Niño on Ination
Turning to the inationary e¤ects of El Niño shocks, we nd that for most countries in our
sample, there exists statistically-signicant upward pressure on ination at the 5-95% (blue
short-dashed) or 16-84% (red long-dashed) levels, see Figure 7. This is mainly due to higher
fuel as well as non-fuel commodity prices (Figure 6), but is also the result of government
policies (including bu¤er stock releases), ination expectations, as well as aggregate demand-
side pressures for those countries which experience a growth pick-up following an El Niño
episode. Highest average ination jumps(after one year) in Asia are observed in Indonesia
(73 basis points, bps), India (48 bps), and Thailand (44 bps). These relatively large e¤ects
are due to the high weight placed on food in the CPI basket of these countries: 32:7%,
47:6%, and 33:5%, respectively. To examine this further we plot the weight of food in the
CPI basket of the 20 countries in our sample and the European region against the median
impulse responses of ination (average over the year) to an El Niño shock in those countries.
Figure 8 shows a clear positive relationship between the two variables, with a correlation
of 0.5, thereby providing further support to the null hypothesis that ination responses are
larger in economies that have higher share of food in their CPI baskets.
Note that production of perishables (i.e. fruits and vegetables) in India is a¤ected less
by monsoon than food grains, while the prices of fruits and vegetables are relatively more
volatile. Moreover, ination in food grains has historically been a¤ected by government
procurement policies and administered minimum support prices in agriculture. During the
last decade, ination increased sharply after the 2009 drought in India, however, in the
previous episodes of drought in 2002 and 2004, ination remained subdued. In 2009, drought
conditions were accompanied by a steep increase in minimum support prices, resulting in high
food grain ination and consequently higher CPI ination.16 Overall, government policies,
tight monetary stances, high water reservoir levels, and excess food grain stocks could partly
o¤set the inationary impact of El Niño shocks on prices in India. For other Asian economies,
which generally place lower weight on food in the CPI index, we notice a smaller increase in
average ination over the rst year: China by 8 bps (32:5), Japan by 8 bps (24), Korea by
35 bps (13:9), Malaysia by 23 bps (30:3), and Philippines by 22 bps (39), with the numbers
in brackets representing the weight of food in the CPI basket.
Ination in the U.S. and Europe increases by smaller amounts, 0:12 and 0:07 percentage
points, respectively, but perhaps surprisingly Mexico sees an average increase of 84 bps after
four quarters (with a 21 percent food share in its CPI basket). Finally, in South America
average ination following an El Niño event increases by between 31 and 77 bps, but it
16During the years 2002, 2004 and 2009 (all years of poor monsoons), CPI ination averaged 4.1%, 3.9%,













































































































































































Figure 8: Food Weight in CPI Basket and Ination Responses
Source: Authorscalculations based on data from Haver and impulse response in Figure 7. The ination
responses are averages over the rst year following an El Niño event.
is only statistically signicant for Chile with an increase of 31 bps. There are only two
countries that experience a reduction in ination following an El Niño event New Zealand
by 49 bps and Singapore by 5 bps on average after one year. For the former, this can be
explained by very large disination pressures during the initial occurrences of the El Niño
(recessions, wage and price freezes, and structural reforms), and its well-anchored ination
expectations17 with an ination target range of 13% on average over the medium-term
and an average CPI ination of around 2.5% since 1990.
5.2 Comparing Direct and Total Growth E¤ects of El Niño
Using a compact model of the world economy, we modelled the climate-macroeconomy re-
lationship in a global context, thereby attempting to capture the complicated patterns of
global economic interactions; taking into account not only the direct exposure of countries
to El Niño shocks but also the indirect e¤ects through secondary or tertiary channels. To
illustrate the importance of such indirect e¤ects we try to decompose the impact of an El
Niño shock on real GDP growth of the 21 region/countries in our sample into two parts:
the direct e¤ect on economic activity in these countries; and the total impact (direct plus
indirect e¤ects). In our setting in Section 5.1 the indirect impact mainly stems from the
shocks impact on economic activity of partner countries and their trade structure.
To proceed with this analysis, we use the estimates of the 21 country-specic vector
17See also Buckle et al. (2002) for similar ndings.
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error correction models from the baseline regression in Section 5.1 (with exactly identical
model specications, including lag orders, and unchanged coe¢ cient estimates), and solve
the global model by combining these 21 country-specic models via a counterfactual matrix
of predetermined (that is, not estimated) trade weights in which wij are zero. We can then
compare the median impulse responses obtained from our baseline GVAR model in Section
5.1, with those in which counterfactual trade weights replace the actual ones (see Cesa-
Bianchi et al. (2012) for methodological details). This procedure attempts, to the extent
possible, to disentangle direct e¤ects of El Niño shocks and indirect e¤ects of the inuence
of trade partners (global factors). The results of the decomposition, reported in Figure 9,
reveal that for those countries that are not at the epicenter of an El Niño event, the indirect
e¤ects are, if anything, more important than the direct e¤ects. Specically, for close-to-
epicenter countries of Australia, Chile, Indonesia, New Zealand, and Peru the direct and
total e¤ects are close to each other. For the rest of the countries, taking into account the
economic interlinkages and spillovers that exist between di¤erent regions in an interconnected
framework shapes the responses of GDP growth to El Niño shocks. See, for instance, the
impulse responses of real GDP growth in China where the direct e¤ects (dashed red line) are
pretty much at, which is perhaps not surprising as an El Niño shock usually coincides with
wet weather in the south of the country and dry weather in the north. Similar at responses
are also observed for the case of Mexico, as there is no a priori clear negative or positive
direct e¤ect from an El Niño event on economic activity in Mexico. However, the indirect
e¤ects (solid blue line), mainly spillovers from trade with other major economies such as the
United States, are clearly important and lead to positive output growth responses for both
China and Mexico. This provides further evidence in support of our modelling strategy:
when it comes to studying the e¤ects of climate on the individual economies, it is important
to take into account both direct and indirect e¤ects.
5.3 Robustness Checks
To make sure that our results are not driven by the type of weights used to create country-
specic foreign variables or solve the GVAR model as a whole, we experimented using Trade
in Value Added (TiVA) weights (to account for supply chain factors) and found the impulse
responses to be very similar to those with trade weights, wij, as used above.18 Therefore, as
is now standard in the GVAR literature (see, for instance, Pesaran (2015)), we only report
the results with the weights calculated as the average of exports and imports of country i
18See also Cashin et al. (2016b), who demonstrate that the choice of weights is of second-order importance
when the underlying variables are su¢ ciently correlated, and that using trade, nancial, or mixed weights


















































































































































































































with j (Table 4). We also estimated our model with the foreign variables computed using
trade weights averaged over 2007-2009 and 2000-2013, and obtained very similar results to
the benchmark weights (2009-2011) used in the earlier analysis. Moreover, we estimated a
version of the model splitting the European region into Euro Area and 5 separate country
VARX* models, thereby having a total of 26 country/region-specic VARX* models, and
found the results to be robust to these changes. These results are not reported here, but are
available on request.
6 Concluding Remarks
This paper contributed to the climate-macroeconomy literature by exploiting exogenous
variation in El Niño weather events over time to causatively identify the e¤ects of El Niño
shocks on growth, ination, energy and non-fuel commodity prices. We began by conducting
a country-by-country analysis in which we investigated the e¤ects of El Niño shocks on output
growth for the 21 countries in our sample using the local projections method. The impulse
responses, broadly consistent with the likely impact of El Niño across the globe based on
anecdotal evidence, indicated that an El Niño shock has a negative impact on real economic
activity in Australia, Brazil, Indonesia, Peru, the Philippines, and South Africa. However,
the e¤ects in Argentina, Canada, China, Chile, Europe, Singapore, Thailand, and the U.S.
were positive. While the country-by-country analysis provides some useful insights on the
signicance of El Niño shocks, we argued that there are many advantages to using a multi-
country framework, like that of the GVAR model, for the analysis.
To this end, we analyzed the international macroeconomic transmission of El Niño shocks
by estimating a GVAR model for 21 countries/regions over the period 1979Q22013Q1. This
multi-country modelling framework took into account real and nancial drivers of economic
activity; interlinkages and spillovers that exist between di¤erent regions; and the e¤ects of
unobserved or observed common factors (e.g. energy and non-fuel commodity prices). This is
crucial as the impact of El Niño shocks cannot be reduced to one country, but rather involves
multiple regions, and may be amplied or reduced depending on the degree of openness of the
countries and their trade structure. We showed that there are considerable heterogeneities
in the responses of di¤erent countries to El Niño shocks. While Australia, Chile, Indonesia,
India, Japan, New Zealand and South Africa face a short-lived fall in economic activity
following an El Niño weather shock, the United States, Europe and China actually benet
(possibly indirectly through third-market e¤ects) from such a climatological change. We also
found that most countries in our sample experience short-run inationary pressures following
an El Niño episode, as global energy and non-fuel commodity prices increase.
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Moreover, we decomposed the impact of an El Niño shock on real GDP growth of the
above 21 countries/region into two parts: the direct e¤ect on economic activity and the total
impact (direct plus indirect e¤ects). As expected, the results revealed that for those countries
that are not at the epicenter of an El Niño event, the indirect e¤ects are, if anything, more
important than the direct e¤ects. In contrast, in the close-to-epicenter countries of Australia,
Chile, Indonesia, New Zealand, and Peru, the direct and total e¤ects are close to each other.
For the rest of the countries, accounting for the economic interlinkages and spillovers that
exist between di¤erent regions in an interconnected framework shapes the responses of GDP
growth to El Niño shocks.
The sensitivity of growth and ination in di¤erent countries, as well as global commodity
prices, to El Niño developments raises the question as to which policies and institutions
are needed to counter the adverse e¤ects of such shocks. These measures could include
changes in the cropping pattern and input use (e.g. seeds of quicker-maturing crop vari-
eties), rainwater conservation, judicious release of food grain stocks, and changes in im-
ports policies/quantities these measures would all help to bolster agricultural production
in low-rainfall El Niño years. On the macroeconomic policy side, any uptick in ination
arising from El Niño shocks could be accompanied by a tightening of the monetary stance (if
second-round e¤ects emerge), to help anchor ination expectations. Investment in agricul-
ture sector, mainly in irrigation, as well as building more e¢ cient food value chains should
also be considered in the longer-term. Our results also have policy implications for the de-
sign of appropriate bands around ination targets in countries that are directly a¤ected by
El Niño shocks. This depends on the share of food in their CPI basket and structural-food
ination, as well as their susceptibility to El Niño shocks (see Reserve Bank of India (2014)
for a discussion of ination targeting in the case of India).
The research in this paper can be extended in a number of directions. A more complete
model for the climate, including perhaps temperature, precipitation, storms, and other as-
pects of the weather, could be developed and integrated within our compact model of the
world economy. This framework could then be utilized to investigate the e¤ects of climate
change and/or global weather shocks on economic activity. Modelling the global climate,
however, is in itself a major task and we shall therefore leave it as a task for future re-
search. There is also a large literature using weather (temperature and precipitation) as an
instrumental variable (IV) for real output growth. See, for instance, Miguel et al. (2004) who
show that economic growth is negatively associated with civil conict in Sub-Saharan Africa,
where they use precipitation as an IV for GDP growth. Since El Niño events are clearly ex-
ogenous, and as this paper has demonstrated their signicant impact on economic activity,
they might similarly serve as useful instruments when studying the relationship between
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social unrest, conict, and crime (to name but a few), with that of economic growth.
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The main data source used to estimate the GVAR model is Smith and Galesi (2014),
which provides quarterly observations on all of the country-specic macro variables cov-
ering the period 1979Q2-2013Q1 as well as oil prices. This data can be downloaded from:
https://sites.google.com/site/gvarmodelling. We augment this database with quarterly ob-
servations on Southern Oscillation index (SOI) anomalies data from National Oceanic and
Atmospheric Administrations National Climatic Data Centre.
Given that El Niño events potentially a¤ect the global prices of food, beverages, metals
and agricultural raw materials, we also need to include the prices of these non-fuel com-
modities in our model. However, rather than including the individual prices of non-fuel
commodities (such as wheat, co¤ee, timber, and nickel) we use a measure of real non-fuel
commodity prices, constructed by the International Monetary Fund, with the weight of each
of the 38 non-fuel commodities included in the index being equal to average world export
earnings. See http://www.imf.org/external/np/res/commod/table2.pdf for the details on
these commodities and their weights.
A.2 Construction of the Variables
Log real GDP, yit, the rate of ination, it, short-term interest rate, rSit, long-term interest
rate, rLit, the log deated exchange rate, epit, and log real equity prices, eqit, are six variables
included in our model, as well as most of the GVAR applications in the literature. These six
variables are constructed as
yit = ln(GDPit); it = pit   pit 1; pit = ln(CPIit); epit = ln (Eit=CPIit) ;




it = 0:25 ln(1 +R
L
it=100); eqit = ln (EQit=CPIit) ; (14)
where GDPit is the real Gross Domestic Product at time t for country i, CPIit is the
consumer price index, Eit is the nominal exchange rate in terms of the U.S. dollar, EQit is
the nominal Equity Price Index, and RSit and R
L
it are short-term and long-term interest rates,
respectively. In addition to the above variables we also include the log of real oil prices, poilt ,
and the log of non-fuel commodity prices, pnft , in our dataset.
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B Country-Specic Estimates and Tests
The estimation of individual VARX*(pi; qi) models is conducted under the assumption that
the country-specic foreign and common variables are weakly exogenous and that the pa-
rameters of the models are stable over time. As both assumptions are needed for the con-
struction and the implementation of the GVAR model, we will test and provide evidence for
these assumptions in Sections B.2 and B.3
B.1 Unit Root Tests
For the interpretation of the long-run relations, and also to ensure that we do not work with
a mixture of I(1) and I(2) variables, we need to consider the unit root properties of the core
variables in our country-specic models, see equations (12) and (13). If the domestic, xit,
foreign, xit, and dominant, !t, variables included in the country-specic models are indeed
integrated of order one, I (1), we are not only able to distinguish between short- and long-run
relations but also to interpret the long-run relations as cointegrating. Therefore, we perform
Augmented Dickey-Fuller (ADF) tests on the level and rst di¤erences of all the variables.
However, as the power of unit root tests are often low, we also utilize the weighted symmetric
ADF test (ADF-WS) of Park and Fuller (1995), as it has been shown to have better power
properties than the ADF test. This analysis results in a large number of unit root tests
(around 2,000), which overall, as a rst-order approximation, support the treatment of the
variables in our model as being I(1). For brevity, these test results are not reported here
but are available from the authors upon request.
B.2 Testing the Weak Exogeneity Assumption
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nf
t , and SOIt, with respect to the long-run parameters of the
conditional model is vital in the construction and the implementation of the GVAR model.
We formally test this assumption following the procedure in Johansen (1992) and Harbo
et al. (1998). Thus, we rst estimate the 21 VARX*(pi; qi) models separately under the
assumption that the foreign and common variables are weakly exogenous and then run the
following regression for each lth element of xit
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where \ECM ij;t 1, j = 1; 2; :::; ri, are the estimated error correction terms corresponding to
the ri cointegrating relations found for the ith country model, pi and q

i are the orders of the
lag changes for the domestic and foreign variables, andexit = x0it ; epit;poilt ;pnft ;SOIt0.19
Under the null hypothesis that the variables are weakly exogenous, the error correction term
must not be signicant; therefore, the formal test for weak exogeneity is an F -test of the
joint hypothesis that ij;l = 0 for each j = 1; 2; :::; ri in equation (15).
Table 5: F-Statistics for Testing the Weak Exogeneity of the Country-Specic
Foreign Variables, Oil Prices, Non-Fuel Commodity Prices, and SOI
Notes: * denotes statistical signicance at the 5% level.
The test results together with the 95% critical values are reported in Table 5, from
which we see that the weak exogeneity assumption cannot be rejected for the overwhelming
majority of the variables considered. In fact, only 14 out of 166 exogeneity tests turned out
to be statistically signicant at the 5% level. Considering the signicance level assumed here,
even if the weak exogeneity assumption is always valid, we would expect up to 8 rejections,
being 5% of the 166 tests. Therefore, overall, the available evidence in Table 5 supports
our treatment of the foreign and global variables in the individual VARX* models as weakly
exogenous.
19Note that the U.S. model is specied di¤erently, mainly because of the dominance of the United States
in the world economy. See the discussion in Section 4.2.
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B.3 Tests of Structural Breaks
The possibility of structural breaks is a fundamental problem in macroeconomic modelling.
However, given that the individual VARX* models are specied conditional on the foreign
variables in xit, they are more robust to the possibility of structural breaks in comparison
to reduced-form VARs, as the GVAR setup can readily accommodate co-breaking. See Dees
et al. (2007) for a detailed discussion. We test the null of parameter stability using the
residuals from the individual reduced-form error correction equations of the country-specic
VARX*(qi; pi)models, initially looking at the maximal OLS cumulative sum statistic (PKsup)
and its mean square variant (PKmsq) of Ploberger and Krämer (1992). We also test for
parameter constancy over time against non-stationary alternatives as proposed by Nyblom
(1989) (NY ), and consider sequential Wald statistics for a single break at an unknown
change point. More specically, the mean Wald statistic of Hansen (1992) (MW ), the Wald
form of the Quandt (1960) likelihood ratio statistic (QLR), and the Andrews and Ploberger
(1994) Wald statistics based on the exponential average (APW ) are utilized. Finally, we
also examine the heteroskedasticity-robust versions of NY , MW , QLR, and APW:
Table 6 presents the number of rejections of the null hypothesis of parameter constancy
per variable across the country-specic models at the 5% signicance level. For brevity,
test statistics and bootstrapped critical values are not reported here but are available on
request. Overall, it seems that most regression coe¢ cients are stable, although the results
vary considerably across di¤erent tests. In the case of the two PK tests, the null hypothesis
is rejected between 9%   14% of the time. For the NY , MW , QLR; and APW tests on
the other hand, we note that the rejection rate is much larger, between 21%   57% of the
time. TheQLR and APW rejection rates, for the joint null hypothesis of coe¢ cient and error
variance stability, are particularly high with 60 cases each out of 105 being rejected. However,
looking at the robust version of these tests, we note that the rejection rate falls considerably
to between 8% and 13% of the time. Therefore, although we nd some evidence for structural
instability, it seems that possible changes in error variances rather than changes in parameter
coe¢ cients is the main reason for this. We deal with this issue by using bootstrapped means
and condence bounds when undertaking the impulse response analysis. Table 7 presents
the break dates with the QLR statistics at the 5% signicance level.
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Table 6: Number of Rejections of the Null of Parameter Constancy per Variable
across the Country-Specic Models at the 5 percent Signicance Level
Tests y  eq ep rS rL Total
PKsup 3 4 1 3 4 0 15(14)
PKmsq 2 1 2 1 3 0 9(9)
NY 2 5 4 4 2 5 22(21)
robust-NY 2 1 1 4 3 2 13(12)
QLR 13 14 6 8 15 4 60(57)
robust-QLR 0 3 1 1 2 1 8(8)
MW 7 8 7 7 5 5 39(37)
robust-MW 3 2 2 4 2 1 14(13)
APW 13 14 6 8 14 5 60(57)
robust-APW 1 3 2 0 2 1 9(9)
Notes: The test statistics PKsup and PKmsq are based on the cumulative sums of OLS residuals, NY is the
Nyblom test for time-varying parameters and QLR, MW and APW are the sequential Wald statistics for a
single break at an unknown change point. Statistics with the prex robustdenote the heteroskedasticity-
robust version of the tests. All tests are implemented at the 5% signicance level. The number in brackets
are the percentage rejection rates.
Table 7: Break Dates Computed with Quandts Likelihood Ratio Statistic
Notes: All tests are implemented at the 5% signicance level.
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C Asymmetric E¤ects of El Niño and La Niña
While La Niña events cause weather extremes in various parts of the world that are typically
opposite to those associated with El Niño episodes, they tend to have weaker e¤ects than
those of El Niño events, and are less frequent and shorter in duration (see, for instance, Dong
(2005)). More specically, since 1900 thirty four El Niño episodes and only twenty three La
Niña events have been recorded.
As explained in Section 2, an El Niño year usually brings drought to the western Pacic
(including Australia), rains to the equatorial coast of South America, and convective storms
and hurricanes to the central Pacic. La Niña years, on the other hand, are characterized by
wetter than normal conditions over Australia and Indonesia, the Philippines, South Africa
and northern Brazil. During La Niña episodes, the Indian monsoon rainfall tends to be
greater than normal, especially in the northwest region. Drier than normal conditions are
observed in the Gulf Coast and South America (southern Brazil to central Argentina). As re-
gards the United States, a La Niña event typically features below normal precipitation in the
Southwest, the central and southern regions, and unusually cold weather in the Northwest.
To investigate the asymmetrical economic impact of El Niño and La Niña shocks, we
estimated two additional GVAR models. We use quarterly observations over the period
1979Q22013Q1 and the exact same specication for the 21 country-specic VARX*(pi; qi)
models as before, see Table 2 and the discussion in Section 4.2. The only di¤erence between
the models is that in the rst one we include negative values of SOI anomalies to capture El
Niño events, while in the second model we include positive values of SOI anomalies to feature
La Niña episodes. Figure 10 compares the median impulse responses of real GDP growth
to El Niño, given by the dashed red lines, and La Niña events, given by the solid blue lines,
for the countries in our sample. We observe that for most countries the response of GDP
growth to a La Niña shock is of opposite sign to that of an El Niño event, but they tend to
be smaller in magnitude, clearly illustrating the asymmetric e¤ects of the two shocks.
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